We incorporate the impact of structural breaks in the unbiased unconditional volatility as proposed by Kumar and Maheswaran [1] with a conditional autoregressive range (CARR) model. The findings of the proposed framework are compared with the findings based on the volatility forecasts of the GARCH model with and without structural breaks in volatility. Our findings based on the analysis on S&P 500, FTSE 100, SZSE Composite and FBMKLCI indices indicate that the proposed framework effectively captures the dynamics of conditional volatility and provides better out-of-sample forecasts relative to GARCH models with and without structural breaks in volatility.
Introduction
The volatility of assets plays a very important role in investment decisions making, portfolio implementation and management, option pricing and risk measurement. There are various ways to estimate the daily unconditional volatility. Based on the kind of data available, different proxies for the daily volatility are available in the literature. The demeaned squared return and absolute return are the popular proxies of volatility based on daily closing prices of the tradable assets. However, these estimates of daily volatility are noisy in nature [2] . Realized volatility is another popular unconditional volatility estimator and is estimated by taking the sum of squares of the high-frequency returns. However, the high-frequency data are expensive to obtain and are influenced by market microstructure issues. There exist many volatility estimators based on the opening, high, low and closing prices. The highly efficient and unbiased properties of 1219 Theoretical Economics Letters these volatility estimators in comparison to the squared returns and absolute returns make them an attractive alternative to estimate the daily volatility of the market. These include the volatility estimators proposed by Parkinson [3] , Garman and Klass [4] , Rogers and Satchell [5] , Yang and Zhang [6] and Kumar and Maheswaran [1] . The opening, high, low and closing prices contain more information than the closing prices alone and are available for most of the traded assets and indices.
In this paper, we use AddRS with CARR to conditionally model the AddRS volatility estimator. We also incorporate the adjustment for the presence of structural breaks in the model using exogenous dummy variables representing different regimes. These infrequent regime shifts in volatility may be due to major domestic as well as global financial, macroeconomic and political events [7] [8] [9] [10] . Such structural breaks in volatility can affect the intensity and the direction of flow of the information between markets [11] . There exist various approaches to incorporate the impact of structural breaks in volatility for modelling and generating forecasts of the daily volatility. The evidence of long memory in the market is also influenced by the presence of structural breaks in the series [12] .
In this study, we use the framework as proposed by Inclan and Tiao [13] (hereafter referred as IT-ICSS) to detect the presence of structural breaks in the unconditional volatility (AddRS estimator). Next, we incorporate the impact of structural breaks in the AddRS estimator in the CARR model and analyze the influence of such structural breaks in volatility on volatility persistence. We use CARR-B to represent the CARR model with structural breaks in volatility, CARR to represent the plain vanilla CARR model, GARCH-B to represent the GARCH model with volatility breaks and GARCH to represent the plain vanilla GARCH model. The study does not compare the performance of the model in forecasting volatility with other models from the GARCH family. Further study can be undertaken to compare the results with the results from the other models from the GARCH family.
The remainder of this paper is organized as follows: Section 2 presents the brief literature review. Section 3 presents the methodology used in this study. Section 4 describes the data and discusses the preliminary analysis. Section 5 reports the empirical results. Section 6 describes the conclusion with a summary of main findings.
Brief Literature Review
The Generalized Autoregressive Conditional Heteroskedasticity (GARCH) family of models including EGARCH, GJR-GARCH and much more are quite popular to conditionally model the squared returns and to capture the dynamics of volatility. However, there exist evidence indicating that the conditional volatility based on the opening, high, low and closing prices perform much better than the GARCH based conditional volatility [14] [15] [16] . Chou [14] 
are the change points. 
where C T is the sum of squared residuals from the whole sample period. 
The AddRS Unbiased Volatility Estimator
Kumar and Maheswaran [1] derive a reflection principle for a random walk and proposed the unbiased AddRS volatility estimator. Suppose O t , H t , L t and C t are the opening, high, low and closing prices of an asset on day t. Define: 
Conditional Autoregressive Range (CARR) Model
Chou ( 
where AddRS t is the AddRS estimator as given in Equation (3), λ t is the conditional mean of the AddRS and ε t is the innovation term, that is, the normalized AddRS estimator (ε t = AddRS t /λ t ), which is assumed to follow the exponential distribution with unit mean. 
Combined Model of Sudden Changes with CARR Model
The CARR(p, q) model with volatility regimes based on the AddRS estimator can be expressed as follows:
are the dummy variables taking the value of 1 from each point of sudden change in the unconditional variance onwards and 0 elsewhere.
Data and Preliminary Results

Dataset
We use weekly opening, high, low and closing prices of Standard & Poor 500 (S&P 500), FTSE 100, SZSE Composite (hereafter, SZSEC) and FBMKLCI which include two developed and two emerging markets. All the data have been obtained from the Bloomberg database. The period of study is from April 1996 to June 2017. Table 1 reports the descriptive statistics of the AddRS estimator and the return series for the given market indices. The Chinese market appears to be highly volatile than other markets based on the highest value of the average AddRS estimator followed by the UK, the US and Malaysian market. However, the volatility of volatility is the highest for the Malaysian market (based on standard deviation of the AddRS estimator) followed by the Chinese market and the developed markets. All the AddRS series exhibit significant positive skewness and excess kurtosis. However, except for Malaysian market, all other markets returns exhibit significant negative skewness and excess kurtosis. The significant values of the Ljung Box statistic up to 20 lags indicate the presence of significant autocorrelation up to 20 lags in all AddRS and return series. Moreover, the significant value of the ARCH(10) statistic indicates the presence of significant heteroscedasticity in all the AddRS and return series.
Descriptive Statistics
Empirical Results
Detection of Structural Breaks in the AddRS Estimator and Squared Return
First, we identify the presence of volatility regimes in the AddRS estimator and the squared return using IT-ICSS approach. Table 2 and Table 3 report the breaks identified in the AddRS estimator and squared return respectively.
Estimation of the CARR Model Based on the AddRS and GARCH Model Based on Returns
We estimate the CARR model based on the AddRS estimator with and without structural breaks in the AddRS estimator. The given models are reported in Equations (4) and (5). The models for incorporating the impact of structural breaks in squared return based on the GARCH model is given as: Figure 1 presents the dynamic impulse response functions for the CARR, CARR-B, GARCH and GARCH-B models with a forecast horizon up to 30 weeks. Results indicate that the response to a unit shock experience smooth decay for CARR-B model than for the vanilla CARR model. However, the response to a unit shock experience quick decay for the GARCH-B model than the GARCH model. This supports the evidence that the persistence in conditional volatility based on the CARR-B model remains for a longer period than the persistence in volatility based on the GARCH-B model. This also indicates the importance of incorporating structural breaks in volatility while modelling and forecasting volatility.
Dynamic Impulse Response Function Based on the CARR, CARR-B, GARCH and GARCH-B Models
Out-of-Sample Volatility Forecast Comparison
In this section, we assess the forecasting performance of the models under study based on 1 step ahead prediction of volatility. The forecasts are generated using rolling windows estimation of the models with fixed window size. We generate 500 forecasts for all the models and for all the indices. We use weekly realized volatility (sum of the square of daily returns) based as a proxy for measured volatility. We use the following four loss functions for evaluating the forecasting performance of models under study. 
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Volatility Forecast Evaluation Based on Mincer and Zarnowitz [20] Regression
In addition to the error statistics, we also use Mincer and Zarnowitz [20] regression-based approach to evaluate the ability of the models under study to generate more accurate forecasts of volatility. The regression model used is given as:
( ) 
Trading Strategy to Study the Economic Significance of the Study and Policy Implications
To examine the economic significance of the findings of the study, we implement a trading strategy based on the risk-averse investor who uses predicted volatility to switch investment between a portfolio of risky stocks (given index) and a risk-free asset. The risk-free assets for a country is the 3 months (for the USA and the UK) or 6 months (for China and Malaysia) T-Bills of that economy. For bad news (negative return and if forecasted volatility is greater than average volatility), the investor invests 100% of the capital in the risk-free asset or else he invests in the portfolio of risky stocks. Table 7 reports the average annual return earned the risk average investor in the given market. It can be seen that the highest average return can be earned by using the volatility forecasts of the CARR-B. The volatility forecasts based on the CARR model also provide a slightly less average annualized return in comparison to the corresponding returns earned by using the volatility forecasts of the CARR-B model. The average annualized return based on the GARCH and GARCH-B models are quite low and for the case of FTSE 100, the volatility forecasts based on the GARCH model provides a negative average annualized return for the risk-averse investor. 
Conclusion
In this study, we propose the use of the CARR model to model the AddRS estimator and to generate a more accurate forecast of it. We also incorporate the impact of structural breaks in volatility in CARR model while modelling and forecasting the AddRS estimator. The results based on the in-sample estimation and impulse response support the evidence that incorporating the impact of structural breaks in volatility modelling does decrease the volatility persistence.
We observe that this decrease in volatility persistence is smooth for CARR-B 
